Introduction
The detection of metastases in lymph node tissue is one of the major methods for clinical cancer staging of disease. In fact, the Union International Contre le Cancer (UICC) has accepted the TNM cancer staging system (tumor, node, metastasis) (1) which is partially based on the determination of regional lymph node involvement. This involvement can be in the form of reactive changes, the presence of individual cancer cells or micro-metastases, all the way to the presence of large metastases in lymph nodes that occupy the better part of the volume of the lymph node.
The primary method for the detection of metastases and micro-metastases to date has been standard histopathology. To this end, excised lymph node tissue is sectioned, stained-typically with hematoxylin/eosin (H & E)-and analyzed classically, by microscopic inspection of the tissue section with 10x to 40x magnification. If micro-metastases are suspected, adjacent tissue sections may be stained with immuno-histochemical agents/counterstains, for example, cytokeratin-specific stains (2). Such methods increase the sensitivity of histopathology enormously by increasing the contrast between unaffected and diseased. However, this procedure is more time consuming and costly, and still relies on the human eye for detection.
While the detection of large metastases in lymph nodes by classical histopathology generally presents little ambiguity, the detection of very small micro-metastases Technology in Cancer Research & Treatment, Volume 10, Number 2, April 2011 or individual metastatic cancer cells can be extremely difficult; in particular, since the body's immune response seeks to destroy the cancer cells, which may be engulfed in phagocytic histiocytes or other immune cells. Yet, the detection of metastases or micro-metastases in lymph nodes is of prime importance for staging disease, and for obtaining diagnostic and prognostic information. If a lymph node is found to be free of metastatic cells, it will be designated N0 (no lymph node involvement) in the TNM cancer staging system (1), indicating that the spread of cancer has been contained in the original site. This diagnosis determines to a large extent the treatment regimen, which, for a N0 designation, will concentrate on the primary tumor. A false negative histopathological diagnosis, on the other hand, i.e., a missed metastasis in a lymph node, will indicate an inappropriate treatment in so far as the staging of disease is inaccurate, and a more rigorous treatment should have been pursued.
These issues are particularly important for the proper diagnosis, prognosis and treatment plans in breast cancer, which is one of the most prevalent cancers worldwide with the second highest mortality rate in women (3) . Breast cancer tends to first metastasize into the axillary lymph nodes by lymphoid drainage. The best histopathological indicator, which should be used for the TNM classification for the spread of disease, is the Sentinel Node -the first node into which the tumor drains (2). For classical histopathological analysis, numerous lymph node sections are cut from the sentinel or any other lymph node, and inspected visually. Since a reactive lymph node may measure about 10 mm in diameter, the visual inspection presents a significant burden to the pathology laboratories. Moreover, the metastatic cells tend to first settle in the marginal sinuses near the capsule or even in the capsule; thus, their detection along the capsule amounts to a tiresome effort on the pathologist.
We have developed a new method, known as spectral histopathology (SHP), for the automatic detection of abnormalities in lymph nodes and other tissues (4-6) 1 . SHP represents a totally different approach to the analysis of tissue, as compared to classical (visual) histopathology. Whereas standard microscopic analysis of tissues utilizes visible light, a microscope and the human eye to detect morphological changes in tissues and cellular features, SHP uses spectroscopic methods to monitor changes in the biochemical composition of tissue and cells caused by a variety of conditions and diseases. In particular, we utilize infrared micro-spectroscopy (IR-MSP) and suitable methods of multivariate analysis, to monitor compositional changes in cells and tissue, and to correlate these changes with disease. This approach allows us to detect cancerous cells and metastases in tissue (6-8), and to distinguish normal and abnormal exfoliated cells (9-10).
We found that IR-MSP is a particularly useful technique for medical diagnoses for the following reasons: spectral data can be acquired rapidly with excellent signal quality, and the method is extremely sensitive to detect small compositional changes in tissue. Furthermore, the spatial resolution achievable is comparable to the size of a human cell, and commercial instruments incorporating large infrared array detectors exist that can collect ten thousand of pixel spectra in a few minutes' time.
Since data acquisition for SHP is performed by a computeroperated instrument, and since the data analysis, including diagnosis and prognosis, is carried out by trained software algorithms, SHP exhibits the following advantages:
• It relies on physical, instrument-based measurements that are objective, reproducible and amenable to mathematical/statistical analysis. • The diagnosis can be presented as a quantitative result, for example, a pseudo-color map highlighting cancerous regions in tissue, a match index to a known cancer standard, or a level of cell proliferation. • Computer/spectrometer-based diagnostic methods will eliminate problems due to operator fatigue or lack of training.
The impact of SHP will be particularly pronounced in the diagnosis, treatment and prognosis of breast cancer. This cancer frequently remains undetected until metastases have formed; therefore, axillary lymph nodes are excised routinely during lumpectomies and mastectomies to aid cancer identification and to stage the spread of disease. Thus, the analysis of lymph nodes is an area of utmost importance, since the degree to which they harbor cancerous cells determines the further surgical and radiation/chemotherapeutical treatment.
This paper will review the progress made in spectral histopathology of excised lymph nodes tissue. In-vivo diagnosis of lymph nodes is also possible by a companion vibrational spectroscopic technique known as Raman spectroscopy (11) . This method also lends itself for the detection of micrometastases in thicker tissue sections (12). The aim of this review, therefore, is to assess the state of the art of modern diagnostic methods based on techniques of vibrational spectroscopy, and present these methodologies to physicians. Incidentally, the very first article of the very first issue of this journal presented early, but completely validated results of infrared spectral histopathology of colon and prostate tissue (Infrared Spectroscopy of Human Cells and Tissue: Detection of Disease), written in 2002 by the same author (13). In the ensuing eight years, progress in instrumentation, computational capacity and the understanding of tissue spectroscopy and confounding factors have made SHP a powerful new diagnostic method in histopathology.
In particular, this paper will address one aspect that has hampered the application of SHP in a broader, clinical context, namely the presence of scattering effects that occur along with infrared absorption. These scattering effects can falsify the observed infrared absorption spectra to the point that observed spectra from the same tissue section can vary significantly, depending on physical properties, such as cellularity of the tissue. In previous studies, we found that certain tissues, for example colon tissue, show small scattering effects (14), whereas lymph node tissue may exhibit enormous scattering artifacts (6). Recent advances in the understanding of the origin of these scattering effects, to be discussed in the next section, permit the correction of these confounding effects, and the collection of spectral data that are consistent between different tissue sections, disease states and donors.
Methods

Tissue Selection
Paraffin embedded tissue blocks of sentinel lymph nodes were obtained from the archival tissue depository at Tufts Medical Center (formerly New England Medical Center). The selected lymph nodes were known to harbor micro-metastases, but it was not known a priori whether or not any of the sections cut from these nodes would actually contain metastases, since even adjacent tissue sections may differ greatly in the amount of metastatic tissue.
Since cancerous cells migrate to the lymph nodes via lymphatic drainage of the primary tumor, they tend to first gain hold in the sub-capsular sinus, and sometimes in the capsule itself. Thus, micro-metastases are most likely found in the periphery of the lymph node. Consequently, infrared datasets were acquired from the periphery of lymph nodes suspected of harboring micro-metastases as consecutive 1 mm x 1 mm images (see below). In total, over 30 images containing over ¾ million spectra were collected. In two of the lymph node sections, metastases were found spectrally that had not been detected in visual histopathology, but were subsequently confirmed by classical methods.
Tissue Preparation
Tissue sections for spectral data acquisition were cut at a thickness of ca. 5 µm and mounted on low emissivity ('low-e') microscope slides (Ag-coated glass slides that are transparent in the visible spectral range, but totally reflecting in the infrared) for transflection (reflection/absorption) infrared micro-spectroscopy (5). The sections were de-paraffinized and dried unstained. Subsequent to infrared data acquisition, the tissue sections were stained, coverslipped, imaged and subject to histopathological analysis. Thus, the comparisons of classical and spectral histopathology reported here were carried out for the same sections.
Data Acquisition
Infrared spectral maps were collected in transflection (transmission/reflection) mode using one of three Perkin Elmer (Shelton, CT) Spectrum 1/Spotlight 400 instruments that incorporate a 16 element focal plane array (FPA) detector, arranged as an 8 x 2 array. Each of the photoconductive HgCdTe (MCT) detector elements in the array measures 25 µm x 25 µm in size, and operates at liquid nitrogen temperature. Images are collected by moving the sample in a raster pattern through the focal point of the infrared microscope. The sample motion is synchronized to the scan speed of the interferometer, which operates at 12.5 Hz. Thus, up to 200 individual pixel spectra can be measured per second. The area sampled by the microscope is de-magnified by a factor of 4 such that nominal coverage of a detector element corresponds to a tissue area of 6.25 µm x 6.25 µm, and the microscope stage is moved in increments of 6.25 µm. Each 1 mm x 1 mm infrared image therefore consists of 160 x 160 or 25,600 spectra. The pixel resolution of the infrared microscope approximately matches the size of the smallest object of interest (i.e., a nucleus of a human cell) in classical histopathology.
To improve the signal-to-noise ratio of the spectra, 8 interferograms, collected at 4 cm -1 spectral resolution, were co-added before apodization and Fourier transformation. Single beam transflection spectra were converted to absorbance spectra by ratioing them against an instrument background spectrum that was collected by co-adding 128 interferograms to reduce background noise as far as possible. The resulting infrared absorbance spectra consist of 1650 intensity points spaced at 2 cm -1 , and cover the wavenumber range from 700 to 4000 cm -1 . The entire instrument, as well as the microscope sample chamber, was continuously purged with dry air, keeping the relative humidity constant and below 5%, to reduce water vapor contribution to the observed spectra. Total data acquisition time for each 1 mm 2 image was about 40 minutes.
Data Processing and Analysis
The raw hyperspectral imaging data sets, each consisting of 25,600 spectra and occupying ca. 400 MByte, were imported into software developed in house to correct for light scattering due to microscopic structures in the sample (15-16), and to produce pseudo-color maps of the tissue sections, based on the infrared spectral datasets. The theory of the scattering effect The latter point can be demonstrated by calculating the anomalous dispersion of the refractive index from the absorption spectrum according to the Kramers-Kronig transformation described by eqn. 3:
and using the resulting refractive index n(w) in eqn. 1. The term w o in eqn. 3 denotes a point of the absorption peak maximum. The spectral distortions caused by reflectance and R-Mie scattering are schematically depicted in Figure 1 , top trace. In this graph, all peaks are shifted to lower wavenumber, and the peak intensities are distorted significantly due to the negative contributions of the dispersive line shapes.
Spectral Corrections via Extended Multiplicative Signal Correction (EMSC):
Reduction of the dispersive line shapes can be carried out by a number of methods. A Fourier-space signal correction was first suggested by Romeo and Diem (23) , but did not work satisfactorily. However, a similar method was recently published by Cicerone and coworkers (24) for the correction of Coherent Antistokes Raman Scattering (CARS) band shapes. In CARS, Gaussian/Lorenzian and a detailed discussion of the multivariate image reconstruction algorithms (17) have recently been published; thus, both subjects will be touched upon only briefly.
Mie and "Resonance Mie" Scattering: In 2005, we reported the first interpretation of the broad, undulating background features that were observed superimposed on the absorption spectra of cellular nuclei, or near-spherical cells (15). These background features could be modeled by approximate (as well as exact) Mie scattering theory. Mie scattering is a macroscopic effect that becomes dominant if the size of particles (cells, nuclei) is about equal to the wavelength of light, and can be approximated by eqn. 1 (known as the van de Hulst equation) (18):
In eqn. 1, ρ is the scattering factor which depends on the wavelength λ of the light, the refractive index ratio of the scattering sphere and the surrounding, n 12 , and the diameter of the scattering sphere, d. The scattering curves calculated using eqn. 1 reproduce the observed background features quite well; however, in addition to the relatively benign Mie scattering background, a spectral contamination by "reflective band shapes" is frequently observed (19), which will be discussed next.
The interaction of electromagnetic radiation with any medium can be described by a complex refractive index h given by eqn. 2. Here, the macroscopic optical properties are described by the refractive index n, which is the real part of the complex refractive index, and the molecular absorptivity ε(λ):
Whenever absorption occurs in a medium, the refractive index n undergoes anomalous dispersion resulting in a reflectance spectrum with a distinct derivative-like line shape. This is shown in the middle and lower trace of Figure 1 . Mixing of the real and imaginary parts described in eqn. 2 can occur through at least three mechanisms, resulting in distortion of the pure absorptive line shapes:
In FTIR spectroscopy, improper phase correction of the • interferograms during Fourier transform: if a chirped interferogram is Fourier transformed, the real and imaginary parts of the spectrum may be mixed, resulting in dispersive line shapes being superimposed on the absorptive line shapes (20) the absorption spectrum is directly contaminated by • reflective components, for example, if infrared spectra are collected in transflection or diffuse reflection modes (21) the "resonance-Mie" (R-Mie) mechanism, as formulated • by Gardner, in which the anomalous dispersion of the where t k are the scores corresponding to each PC. Details for the determination of spectral regions to fit the Mie scattering curves have been reported in the literature.
The correction of the reflectance and resonance-Mie correction can be carried out using a similar approach, if one assumes the reflective contributions to be additive. This will be the case for pure reflective components, as defined in Section 4a above. The R-Mie contributions, on the other hand, cannot be assumed a priori to be simply a linear reflective contribution, as demonstrated by Bassan, et al. (22) .: for given size, wavelength and refractive index parameters, a reversal of the R-Mie contribution can occur between the high (~3000 cm -1 ) and low wavenumber (<1600 cm -1 ) region. This can be visualized by plotting Q sca vs. ρ; this function has a maximum at ρ = 4.1. For a d/λ value of 1.6 and a value of (n-1) of 0.3, the scattering ρ parameter is well over 5, and past the reversal point of Q sca . If one further assumes that the anomalous dispersion of n within the absorption band produces relatively small values ∆n, we are justified to assume that the contributions due to R-Mie scattering can be described in the 800 to 1800 cm -1 range by an additive reflective band shape contribution as well (29). We designate this reflective contribution as an "interference spectrum" R (ν), which can be calculated via Kramers-Kronig transform of a suitable reference spectrum, and scaling it within the EMSC correction algorithm:
For a dataset consisting of more than one distinct spectral class, several reference and interference spectra are being used (30). This procedure permits the correction of datasets which contain very different spectra, for example, glandular and squamous tissue, cancerous areas, and regions heavily infiltrated by immune cells, which show particularly strong R-Mie scattering.
Image Reconstruction via Hierarchical Cluster Analysis (HCA):
After correction of the dataset for Mie and R-Mie scattering, the dataset is subject to hierarchical cluster analysis for image reconstruction. In order to reduce the importance of remaining sloped baseline effect, and in order to increase the spectral resolution of the observed data, all spectra in the dataset were converted to second derivatives using a sliding-window lines are frequently distorted by spectral contributions of the nonresonant background which has dispersive line shapes.
The realization that Mie scattering can mix absorptive and reflective line shapes was first published by the group of Gardner (22); consequently, most development of line shape correction of Mie and r-Mie corrections resulted from this group. Finally, Bhargava (25-26) has analyzed the interferences in infrared micro-spectroscopy based on first principle (Maxwell's equation), but no correction of corrupted data using this method has been reported.
Due to the long computation times and numerous iterations required in the Gardner (19) approach, we present here an approximate method of signal corrections, based on EMSC. The limitations of this approach are discussed below.
Extended multiplicative signal correction is a modelbased algorithm for removal of additive and multiplicative interferences from a signal (27) (28) . EMSC utilizes a well defined mathematical model for removal of undesirable signal contributions. An infrared spectrum A(n) in a spectral dataset can be expressed as:
where a represents an additive affect to the baseline, b is a multiplicative scaling factor depending on the effective optical path length, c j and k j (ν) represent the concentration and absorbance of J chemical constituents, and E(ν) is the residual containing all un-modeled effects and measurement errors. The product b c k (ν) for an individual constituent just represents the Lambert-Beer contribution to each spectrum; however, the constituent spectra k j (ν) are generally not known. Introducing a reference spectrum m(ν) into eqn. 4, and expressing all remaining spectra in the dataset as deviations Dk j from the reference spectrum, eqn. 5 is obtained:
Since most spectra are quite similar, and the deviations of any spectrum in the dataset cannot be reliably modeled by the differential constituent spectra, one includes the third term in eqn. 5 in the un-modeled residuals, and eqn. 5 becomes A(n) = a + bm(n) + E(n) [6] This method can be applied to remove the undulating baseline fluctuations due to Mie scattering as follows (28) 
Results and Discussion
Detection of Micro-metastases
Next, we turn to discussing results on the detection of breast cancer micro-metastases in several lymph node sections. The general definition of a micro-metastasis is any metastatic cancer lesion measuring less than 2 mm in size. In Figure 2 , panels A, C and E, three H & E-stained lymph node tissue sections are displayed, each measuring 1 mm x 1 mm on edge (7). As pointed out before, 25,600 individual infrared spectra were collected for each section, and analyzed via HCA. Figure 2 , panels B, D and F, show digitally stained overlays Savitzky-Golay function before HCA 2 . Furthermore, data were vector normalized to account for different sample thickness caused by the sectioning of the tissue blocks, and spectra with very poor signal quality were eliminated. These steps are generally referred to as "pre-processing", and have been discussed in detail. Some researchers who have not used similar preprocessing procedures require much larger datasets before even the most basic spectral differentiation of tissue types can be achieved.
HCA, which is an unsupervised method, has been described in the literature (17, (31) (32) . It segments a dataset into 'clusters' based on the similarity of the spectra within a dataset, where the 'similarity' is defined as the inner product of the normalized spectral vectors (Pearson's correlation) or the Euclidean distance, which is a squared point-bypoint vector difference. Next, an iterative algorithm searches for the most similar spectra, merges them into a new object (cluster), and recalculate the correlation coefficients (or distances) for the new object from the correlation coefficients (or distances) from the individual spectra. This process is repeated until all spectra have been combined into a small number of clusters. In the merging process, a membership list is kept that accounts for all individual spectra that are eventually merged into a cluster. All spectra in a cluster are subsequently assigned the same color code, and the pixel position from which each spectrum was collected is displayed in this color.
HCA offers the advantage of grouping dataset without any prior knowledge of its content. On the other hand, it is not a diagnostic procedure in the sense that it detects differences in the dataset, but cannot connect these differences with any diagnostic states, such as normal or cancerous tissue areas. This latter task can be performed by a "supervised" algorithm that was trained to associate certain spectral features with a pathological diagnosis. For lymph node tissue, we have demonstrated before that supervised algorithms can detect metastatic breast with ease (8). However, in this paper, we wish to emphasize the sensitivity of detecting abnormalities at a very small scale, down to single cancerous cells, via infrared spectral imaging and hierarchical cluster analysis. 2 The computation of second derivatives reduces the half-width of spectral (Gaussian or Lorenzian) bands, thereby providing an apparent better resolution of peaks that fall within the natural half width of the transition. This increased resolution comes at the expense of signal-to-noise of the resulting 2 nd derivative spectra. 
Detection of Individual Metastatic Cells
The concepts of spectral data acquisition and subsequent multivariate analysis can also be applied to the detection of individual metastatic cancer cells in lymph nodes. As indicated in the Introduction above, the presence of individual metastatic cancer cells in a lymph node indicates that the primary tumor no longer is confined, and that the prognosis of areas identified by SHP to be different. Since HCA is not a trained, but an unsupervised algorithm for data analysis, the spectral differences, per se, cannot be associated with cancer, but rather indicate that regions of different spectral properties were found at the areas indicated in red. These areas were subsequently diagnosed to be cancerous by classical pathology. The spatial resolution available in SHP is sufficiently high to detect spectral changes due to micrometastases much smaller than 2 mm in size; in fact, the lesion detected in Figure 2D measures about 150 µm in its longest dimension.
In order to make SHP a diagnostic method for cancer detection, a supervised or trained algorithm needs to be established that recognizes the spectral abnormalities of the cancerous lesion. Such a diagnostic algorithm is trained by utilizing hundreds of spectra form corresponding tissue structures from different patients, and their histo-pathological annotation, as inputs in the training phase of the algorithm. For some of the paraffin-embedded lymph node tissue sections, we noticed (6) that the spectra collected from regions that were diagnosed to be cancerous by classical pathology could be quite different between samples. This is shown in Figure 3 .
Here, the spectral traces shown in Panel A depict cases of spectra nearly uncontaminated by scattering effects (red), and strongly contaminated spectra (blue). The upward-sloping and curved baseline above 1800 cm -1 of the blue spectrum is typical for a Mie/r-Mie-contaminated spectrum, as is the down-shifted amide I position (ca. 1645 cm -1 ). The spectral differences between the two spectral traces are even more pronounced in the second derivative spectra, shown in Panel B. Here, the amide I intensities at 1650 cm -1 are very different; these differences certainly would confuse any unsupervised or supervised algorithm. The scattering artifact also affects the spectral region below 1400 cm -1 , albeit to a lesser degree. When these spectral differences were first observed, it was not clear that they resulted from r-Mie scattering, and the differences in the spectral features of the cancerous lesions cast in doubt the general usefulness of infrared spectral diagnostic methods. However, after Mie and r-Mie correction, the spectral traces shown in Figure 3 , panel C, are obtained. Obviously, the shifts in band position and intensities have completely disappeared, and the resulting traces are sufficiently similar to be classified by a supervised algorithm as belonging to the same spectral class.
Once spectral datasets are corrected for Mie and r-Mie scattering, SHP yields images of amazing information content. This is shown in Figure 4 . Panels (A) and (C) show two different H & E stained lymph node tissue sections, and panels (B) and (D) the corresponding SHP maps after data correction. In both of these, the capsule (red), micrometastases (yellow), B-lymphocytes (blue), T-lymphocytes (purple) and histiocytes (light blue) are discernible. This for the patient, in general, is much worse. The detection of individual cells, therefore, is of major importance. Similarly, for the detection of the margin of recession in many surgical scenarios, the detection of very few residual cancer cells may be required.
Spectral detection allows for the detection of individual cancer cells, as demonstrated in Figure 5 (7) . In this Figure, SHP indicated two pixels of abnormal spectral properties below the micro-metastasis discussed above. Under higher magnification, these two pixels correlated with two individual cancer cells shown in Figure 5C , separated by about 50 µm from the contiguous micrometastasis. Individual cancer cells, or clusters of very few individual cells, have been detected in a number of tissue sections as well (6). Since these individual cancer cells generally are embedded in lymph node tissue, their spectral detection is not based on changes in morphology (i.e., R-Mie scattering), but truly on a spectral change due to different composition. In general, lymphocytes exhibit spectral patterns quite different from those of epithelial tissue, for example, due to their high levels of activity. This is generally observed as increased intensities of the nucleic-acid (DNA and RNA) associated peaks, in particular the phosphate vibrations (5) at ca. 1085 and 1235 cm -1 . Although these vibrations are often enhanced in cancer cells as well, spectral differences in the protein amide I and amide II regions permit the distinction of cancer cells and lymphocytes.
Thus, we may conclude that the chemical composition of the cancer cells is sufficiently different from the surrounding lymphocytes to cause spectral changes which are detectable by SHP. These differences appear to persist even after cancer cells are destroyed by phagocytic histiocytes, to be discussed next. Figure 5D depicts a small area below the end of the micro-metastasis shown in Figure 2E . This area appeared with the same characteristic spectral patterns as the cancerous areas. Visual pathology of this area revealed a region in which histiocytes had attacked tumor cells, and presumably destroyed them. Since these histiocytes clustered with cancerous cells (see blue arrow in Figure 5 ), we may assume that their spectra have assumed the pattern of the tumor cells, rather than their own spectral patterns. This observation attests to the spectacular sensitivity of SHP to for the detection of subtle compositional changes between tissue regions. 
Conclusions
During the past decade, infrared spectral imaging has reached levels of sensitivity that allow detection of fine compositional details in unstained tissue sections. In general, the infrared images reproduce H & E-based histopathology very well, and can reach levels of details that are only available from specific stains. The present direction for SHP is to construct robust and well-documented datasets that can be used for training of diagnostic algorithms, based on infrared spectral data.
